Abstract-Broadleaf forest is a major type of Earth's land cover with the highest observable vegetation density. Retrievals of biophysical parameters, such as leaf area index (LAI), of broadleaf forests at global scale constitute a major challenge to modern remote sensing techniques in view of low sensitivity (saturation) of surface reflectances to such parameters over dense vegetation. The goal of the performed research is to demonstrate physical principles of LAI retrievals over broadleaf forests with the Moderate Resolution Imaging Spectroradiometer (MODIS) LAI algorithm and to establish a basis for algorithm refinement. To sample natural variability in biophysical parameters of broadleaf forests, we selected MODIS data subsets covering deciduous broadleaf forests of the eastern part of North America and evergreen broadleaf forests of Amazonia. The analysis of an annual course of the Terra MODIS Collection 4 LAI product over broadleaf forests indicated a low portion of best quality main radiative transfer-based algorithm retrievals and dominance of low-reliable backup algorithm retrievals during the growing season. We found that this retrieval anomaly was due to an inconsistency between simulated and MODIS surface reflectances. LAI retrievals over dense vegetation are mostly performed over a compact location in the spectral space of saturated surface reflectances, which need to be accurately modeled. New simulations were performed with the stochastic radiative transfer model, which poses high numerical accuracy at the condition of saturation. Separate sets of parameters of the LAI algorithm were generated for deciduous and evergreen broadleaf forests to account for the differences in the corresponding surface reflectance properties. The optimized algorithm closely captures physics of seasonal variations in surface reflectances and delivers a majority of LAI retrievals during a phenological cycle, consistent with field measurements. The analysis of the optimized retrievals indicates that the precision of MODIS surface reflectances, the natural variability, and mixture of species set a limit to improvements of the accuracy of LAI retrievals over broadleaf forests.
I. INTRODUCTION
L EAF area index (LAI) is a key environmental variable controlling an exchange of fluxes of energy, mass (e.g., water and CO ) and momentum between the Earth's surface and the atmosphere. LAI is defined as one-sided green leaf area per unit ground area in broadleaf canopies and as the projected needle leaf area in coniferous canopies. LAI is utilized in most ecosystem productivity models, global models of climate, hydrology, biogeochemistry, ecology, and multiple National Aeronautics and Space Administration (NASA) Earth Observing System (EOS) interdisciplinary projects [5] , [7] , [16] , [19] , [21] , [22] . 1 The Moderate Resolution Imaging Spectroradiometer (MODIS) onboard the EOS Terra and Aqua platforms delivers a set of remote sensing measurements to generate 11 MODIS Land (MODLAND) products, including LAI [10] . An algorithm for retrieval of LAI from MODIS surface reflectances was developed [12] , [13] prototyped prior to the launch of MODIS with Advanced Very High Resolution Radiometer (AVHRR), Landsat Thematic Mapper (TM), Polarization and Directionality of the Earth's Reflectance (POLDER), and Sea-viewing Wide Field-of-view Sensor (SeaWiFS) data [28] , [30] , [36] , and is in operational production [18] . 2 Two versions of MODIS LAI products are currently available for public use: Collection 3 and, the latest, Collection 4. 3 Current MODIS LAI research is focused on interdependent activities of product quality assessment [9] , [26] , [33] , validation with field measurements [6] , [17] , [20] , [27] , [31] , and algorithm refinement for future data reprocessing (Collection 5) (this paper).
Best quality LAI retrievals are performed with a main radiative transfer (RT)-based algorithm; in the case of its failure, poor-quality retrievals are generated by an empirical backup algorithm based on LAI and the normalized difference vegetation index (NDVI) [33] . Generally, two key factors influence the quality of retrievals by the MODIS LAI algorithm: 1) uncertainties in the input of the algorithm (surface reflectances and land cover); 2) model uncertainties, namely, the consistency between RT simulations, stored in the lookup tables (LUTs) of the algorithm, and the corresponding MODIS surface reflectances [9] .
The analysis of the Collection 3 MODIS LAI product [33] and field measurements [34] indicates two major retrieval anomalies: LAI overestimation over certain areas with herbaceous vegetation, and dominance of poor-quality backup algorithm retrievals for woody vegetation during the growing season. The anomaly of the first type can be noted as nonphysical peaks at high LAI values at a global distribution of the Collection 3 product over herbaceous vegetation (Fig. 1 ). This anomaly was investigated and resolved in Collection 4 data reprocessing [9] , [26] , [33] . The anomaly of retrievals over woody vegetation is still present in the Collection 4 data. The causes of both anomalies will be detailed later in the text.
The goal of the presented research is to demonstrate the physical principles of LAI retrievals over broadleaf forests with the MODIS LAI algorithm, provide the basis for the Collection 5 algorithm refinement, and define the factors which set the upper limit on algorithm performance. The structure of this paper is as follows. Section II summarizes data on surface reflectances, land cover, and LAI from the Terra MODIS sensor, which were utilized in the analysis. Section III discusses the anomalies in the global LAI product for broadleaf forests. Section IV reviews the physical and mathematical basis of LAI retrievals with the MODIS LAI algorithm. Section V details LUT optimization for broadleaf forests. Section VI compares LAI derived with new LUTs, the Collection 4 LAI product, and field data. Section VII discusses the daily and seasonal variability of surface reflectances and the impact of uncertainties in surface reflectances on the accuracy of LAI retrievals.
II. DATA DESCRIPTION
This research utilizes three Terra MODIS Land products: LAI, surface reflectances, and land cover. We analyzed the Collection 4 Terra MODIS LAI product (MOD15A2). The MOD15A2 product is an eight-day compositing of daily LAI retrievals and provides LAI and corresponding quality controls variables (http://edcdaac.usgs.gov/modis/mod15a2v4.asp). Analysis and optimization of MODIS LAI retrievals was performed on the basis of the Collection 4 Terra MODIS daily aggregated surface reflectances (MODAGAGG product). The MODAGAGG product includes atmospherically corrected surface reflectance in seven spectral bands, viewing and illumination angles, and quality control variables [29] . To mask vegetation type of interest (broadleaf forests) we referenced the Collection 3 Terra MODIS land cover (MOD12Q1 product) [8] , which was used to generate the Collection 4 LAI data. The MOD12Q1 product provides a six-biome classification scheme: 1) grasses and cereal crops; 2) shrubs; 3) broadleaf crops; 4) savannas; 5) broadleaf forests; and 6) needle leaf forests (http://lpdaac.usgs.gov/modis/mod12q1v4.asp). To sample natural variability in biophysical parameters of broadleaf forests resulting from the variations in climatic conditions and mixture of species, we selected for the analysis MODIS data subsets covering deciduous broadleaf forests of the eastern part of North America (MODIS tiles h11v04 and h12v04) and evergreen broadleaf forests of Amazonia (tile h12v09).
III. ANOMALIES IN THE MODIS LAI PRODUCT
An annual course of LAI and quality control (QC) data for the broadleaf forests pixels in the tiles h12v04 and h12v09 is shown in Fig. 2 . The QC data indicate the proportion of pixels processed by different execution branches of the algorithm: the main algorithm with or without saturation (best quality), the backup algorithm (poor quality), and fill value. Overall, the backup algorithm retrievals are dominant during the winter and summer time for the tile h12v04. Retrievals for the tile h12v09 demonstrate less seasonality; however, most of retrievals are performed by the backup algorithm.
The anomalies in the MODIS LAI product both for herbaceous and woody vegetation have a single major source of explanation in terms of LUTs of the LAI algorithm. For a conceptual understanding of the source of anomalies, consider LAI retrievals from LAI-NDVI relationship as shown in Fig. 3 . NDVI increases with increasing LAI until it reaches its maximum value at LAI and weakly depends on LAI thereafter (saturation domain). The retrieval anomalies were caused by the fact that MODIS LAI algorithm underestimated the upper limit of MODIS NDVI both for herbaceous and woody vegetation. In the case of herbaceous vegetation, typical LAI is low, and observed typical NDVI should not reach saturation domain. However, the MODIS LAI algorithm underestimated saturated NDVI, and the portion of observed high NDVI values reached modeled maximum NDVI, which resulted in LAI everstimation (Fig. 3) . In the case of broadleaf forests, typical LAI and NDVI are high, and retrievals should be performed at saturation domain. However, observed NDVI valuaes were substantially higher then modeled maximum NDVI, resulting in a failure of the main algorithm (Fig. 3) . Therefore, optimization of LAI retrievals requires increasing modeled maximum NDVI under condition of saturation. Note, however, that the main algorithm performs LAI retrievals not from NDVI but directly from MODIS channel data, which we analyze next. Fig. 4 shows the analysis of LAI retrievals as a function of input surface reflectance data for the compositing period during Julian days 201-208 (July 20-27) in year 2001, broadleaf forests pixels in the tile h12v04. Fig. 4(a) shows the distribution of reflectances in the red-NIR spectral space processed by different execution branches of the algorithm and overlaid with the contour plots of the highest density of surface reflectances. The retrieval domain of the main algorithm has a low degree of overlapping with MODIS observations, especially at low red reflectances, which caused a failure of the main algorithm. Next, consider the LAI-NDVI relationship derived from surface reflectances and LAI products, as shown in Fig. 4(b) . Retrievals by the main algorithm without saturation are performed at low LAI values (LAI ), while retrievals by the main algorithm with saturation are concentrated at high LAI values. Also note the scatter of retrievals along the NDVI axis: this is due to the impact of soil patterns and view/illumination geometry. The LAI-NDVI curve generated by the backup algorithm is generally consistent with the main algorithm retrievals for low and medium NDVI. Range of high NDVI (0.82-1.0) is beyond of retrieval domain of the main algorithm; the backup algorithm performs retrievals, but reports a single LAI value of 6.1 [ Fig. 4 (c)-(d)]. The discussion in the following sections will detail the physics of LAI retrievals and provide guidelines for the changes to the LUTs to resolve the retrieval anomaly over broadleaf forests.
IV. PHYSICS OF THE MODIS LAI ALGORITHM
The retrieval technique of the MODIS LAI main algorithm is as follows. Given sun ( ) and view ( ) directions, bidirectional reflectance factor (BRF) at spectral bands, , band uncertainties, , and six-biome land cover type, LC, find LAI. The BRF is defined as the ratio of the reflected flux from the surface area in a particular direction to the reflected flux from an ideal Lambertian surface [15] . The algorithm compares observed [BRF LAI ] and modeled [BRF LAI ] BRFs for a suite of canopy structures and soil patterns that represent an expected range of typical conditions for a given biome type [12] , [13] . All canopy/soil patterns for which modeled and observed BRFs differ within a specified uncertainties level, i.e., as shown at the bottom of the page, are considered as acceptable solutions. The mean values of LAI averaged over all acceptable solutions are reported as the output of the algorithm. Currently, only red and NIR MODIS channel data are utilized in LAI retrievals. When the main algorithm fails, the backup algorithm based on empirical LAI-NDVI relationships performs retrievals regardless of BRDF effect (dependence of BRF on view/illumination conditions) and uncertainties of surface reflectances for any nonfill value input. In view of atmospheric effects (cloud and aerosol contamination) and other environmental effects, the backup algorithm generally generates unreliable estimates of LAI.
The physical principles of BRF modeling by the main algorithm are illustrated in Fig. 5 , which shows scatter plot of typical MODIS surface reflectances in the red-NIR spectral space for broadleaf forests during the growing season. The data grayscale coding corresponds to retrieval domains of execution branches of the algorithm. Also shown, are RT model predictions of BRF as function of LAI and soil reflectance. As LAI of vegetation canopy increases against an invariant background, the corresponding surface reflectance moves along the trajectories (soil isolines) in the spectral space away from the initial state specified by soil reflectance (Fig. 5 ) [4] . Independently from the background reflectances, the LAI trajectories converge to a common limiting point in the spectral space, when the leaf area tends to infinity. This situation is called the saturation domain and generally takes place for LAI . The location of the limiting point is mostly defined by the leaf spectral albedo (single-scattering albedo) and the view/illumination geometry. Accuracy of LAI retrievals at condition of saturation is highly sensitive to the precision of surface reflectances: small variations in surface reflectances result in high variation of LAI. Also, consider the shape of the retrieval domain of the main algorithm (Fig. 5) . The range of soil reflectances in the LUTs of the algorithm is restricted to low values, which effectively allows cloud screening at high red and NIR reflectances near the soil line.
Next, we review the mathematical basis underlying structure of the LUTs of the MODIS LAI algorithm [12] , [13] . The solution of the RT equation for a vegetation medium is constructed from the solution of two subproblems with the simplified boundary conditions: 1) black soil (BS) problem: the original illumination condition at the top of the canopy and the soil assumed to be absolutely absorbing; 2) soil (S) problem: there is no input energy from above, but a Lambertian energy source is located at the bottom of the canopy. Given the solutions of Sand BS-problems, the solution of the complete problem is constructed as follows:
where BRF, BRF , and BRF are the BRF of the complete problem, the BS-, and the S-problem, respectively, is the soil hemispherical reflectance, is the transmittance for BS-problem, and DHR is the DHR for the S-problem. Later in the text we use subscript " " to denote subproblem ( or BS). The DHR, directional-hemispherical reflectance is the ratio of the flux for light reflected by a surface area into a hemisphere to the illumination flux, when the target is illuminated with a parallel beam of light from a single direction [15] . Note that the parameterization of the LUTs in terms of the S-and the BS-problem allows for explicit parameterization of the influence of soil reflectance on the BRF of the complete problem and also simplify numerical solution of RT equation.
The solution of the -problem is parameterized in terms of canopy absorptance , transmittance , and an anisotropy factor , which is the ratio of BRF to DHR. Absorptance and transmittance are stored only for the reference wavelength to reduce the size of the LUTs. Absorptance and transmittance at an arbitrary wavelength are calculated for the -problem according to the following approximation rules:
where is the single-scattering albedo at wavelength , is the single-scattering albedo at a reference wavelength . and are spectral invariants, which describe structure of vegetation canopy and can be derived from the radiative transfer equation [13] , [24] . Given the absorptance and transmittance, and constrained by the energy conservation law, BRF for both subproblems is calculated according to (4) and (5) as follows:
To summarize, the LUTs of the main algorithm for broadleaf forests store the following set of parameters: 1) single-scattering albedo at the reference wavelength and at the red and NIR wavelengths; 2) absorptance and transmittance for the two subproblems at the reference wavelength; 3) spectral invariants for absorptance and transmittance for the two subproblems; 4) anisotropy factors for the two subproblems; 5) soil patterns at red and NIR wavelengths. Additionally, the LUTs for the backup algorithm (LAI-NDVI relationship) are generated based on the corresponding mean relationships, derived from the LUTs of the main algorithm.
V. OPTIMIZATION OF THE LUTS
The analysis of the Collection 4 LAI product for broadleaf forests indicates that Collection 4 LUTs are limited to simulate variability of MODIS surface reflectance data, which results in the failure of the main algorithm during growing season. To resolve this anomaly, we implemented modifications to the LUTs of the algorithm according to the following strategy: 1) simulated BRFs should better overlap with typical MODIS surface reflectances in the red-NIR spectral space; 2) split broadleaf forests land cover class into deciduous and evergreen subclasses and develop separate LUTs for each subclass to better account for variability of the corresponding BRFs; 3) the improved model simulations should result in the increase of the main algorithm retrievals with saturation for the typical case of high LAI values (3.5-7.0) of broadleaf forests; 4) the LAI values retrieved by the main algorithm should match field observations.
The Collection 5 LUTs were generated based on the stochastic RT model [23] . This model is based on the stochastic RT equations, derived by averaging standard three-dimensional (3-D) RT equation. Solution of the stochastic RT equation is a mean radiation over horizontal plane, which is directly comparable with the pixel's average surface reflectance measured by MODIS. Stochastic one-dimensional (1-D) RT equations hold statistical information about 3-D spatial heterogeneity of vegetation in terms of probability of finding vegetation elements at particular depth and spatial-angular correlation matrix of the vegetation elements. The formulation of the model fully complies with the parameterization of the LUTs of the MODIS LAI algorithm (items 1-5 at the end of Section IV). Stochastic equations were solved numerically using method of successive orders of scattering approximations. Performance of the stochastic model was assessed with other 1-D and 3-D RT models, Monte Carlo model and field measurements [23] . The model has been utilized for multiple applications recently [11] , [14] , [24] , [25] , [35] and has better numeric stability, especially at the case of high LAI values and extreme view/illumination conditions, compared to the 3-D model, which has been used to generate previous versions of the LUTs. We want to emphasise that both models were developed based on similar physical principles and new model simulations should be considered as refinement to better describe features of MODIS data. The set of parameters of the stochastic RT model used to generate the new (Collection 5) LUTs is as follows. Single-scattering albedo at red and NIR wavelengths for deciduous (evergreen) broadleaf forests: red ( ), and NIR ( ). Reference single-scattering albedo was selected at the red wavelength, red . We selected 16 soil patterns for the deciduous broadleaf forests, and 5 for evergreen broadleaf forests. Soil reflectance starts from 0.01 with uniform step of 0.01 both at the red and NIR bands. The set of view/illumination conditions was specified as follows: solar zenith angle, SZA , view zenith angle, VZA , relative zzimuth, RA . LAI was selected in the range {0.1-6.85} with a step of 0.25. Uncertainties for the red and NIR bands were set to 30% and 15%, respectively, both for deciduous and evergreen broadleaf forests.
Figs. 6 and 7 compare sets of key variables generated with the Collection 4 and Collection 5 LUTs. BRF simulated with the Collection 4 LUTs has a deficiency of nonmonotonic decrease of red and NIR reflectances at high LAI values due to the numerical errors and approximations used in (2) and (3) to calculate absorptance and transmittance [ Fig. 6(a) ]. The above errors were corrected in the Collection 5 LUTs [ Fig. 6(b) ]. Fig. 7(a)-(d) compares BRFs simulated with the Collection 4 and Collection 5 LUTs at red and NIR wavelengths as function of LAI. Note that BRFs were grouped by SZA, while the other parameters (VZA, RA, soil reflectance, and LAI) are varying within the constraints of LUTs. As SZA increases, the range of variations in BRF increases for the same range of variation of VZA and RA, especially for the NIR. What changes in the parameters of the BS-and the S-problems result in the change of BRF, described above? Fig. 6(c) and (d) shows the scatter plots of simulated BRFs for both subproblems in the red-NIR spectral space. BRF for BS-problem provides a major contribution to the total BRF at high LAI values, because the impact of the soil reflectance is negligible in this case. Therefore, a nonmonotonic behavior of total BRF at high LAI values in Collection 4 was due to the errors in BRF for BS-problem. Also, the mean value and the range of variations of BRF for BS-problem at the red wavelength were decreased. Modifications to BRF for S-problem are minor: the general structure remained the same, however, the mean value of NIR reflectance decreased, especially for high LAI values. (Fig. 4) . The highest data density of MODIS surface reflectances closely matches the retrieval domain of the main algorithm with saturation. The portion of main algorithm retrievals with the Collection 5 LUTs was substantially increased: the main algorithm without saturation, 11% (versus 15% in Collection 4); the main algorithm with saturation, 78% (versus 26%); the backup algorithm, 11% (versus 59%).
Next, compare Collection 5, Collection 4 retrievals and the corresponding field measurements over two deciduous broadleaf forest sites in North America (Fig. 9 ) and one evergreen broadleaf forest site in Amazonia (Fig. 10) . The BigFoot team (http://www.fsl.orst.edu/larse/bigfoot/index.html) [6] National Forest show that, on average, the Collection 5 MODIS LAI is higher than reference by about 2. This difference is of the order of disagreement between field data at the Tapajos site. Disagreement between field measurements could be due to the differences in the scale of observations and experimental design (plots against transects). Further large-scale LAI measurements at Amazonia by independent teams are required to reduce uncertainties of field measurements at dense forests.
In general, according to global surveys [3] average LAI over deciduous broadleaf forests is , and average LAI over evergreen broadleaf forests is , which is in close agreement with the Collection 5 LAI product. Based on the analysis of the Collection 4 and 5 MODIS LAI products and comparison with available field measurements, we conclude that the requirements 1-4 for the LUTs optimization, specified in Section V, were satisfied.
VII. ANALYSIS OF VARIATIONS IN SURFACE REFLECTANCES AND LAI

A. Analysis of Daily LAI Retrievals
What factors in the physics of the LAI algorithm or the input data determine the accuracy of LAI retrievals? Consider Figs Fig. 11(a)-(d) shows the scatter plots of the MODIS surface reflectances in the red-NIR spectral space, processed by different execution branches of the algorithm. Each plot was overlaid with the contour plot of the data density. Fig. 12(a)-(d) and Table I show, respectively, histograms and most probable values of red, NIR, SZA, and VZA for the above datasets. One major factor that restricts accuracy of LAI retrievals is cloud contamination of the MODIS daily data. The presence of clouds is clearly indicated by the high data density located near the soil line at high red and NIR reflectances (Fig. 11) . Cloud reflectances are beyond the retrieval domain of the main algorithm and, therefore, cause the failure of the main algorithm. 0.028 to 0.022 (21% difference), and from 0.412 to 0.338 (18% difference) for NIR band (Table I) . These variations are comparable to the algorithm's band uncertainties (Section V). Range of variations is significantly larger if we also take into account evergreen broadleaf forests. Most probable value of red and NIR reflectances is 0.016 and 0.264 for evergreen broadleaf forests in tile h12v09 during July 25, 2003 (Table I ). The observed variability is not due to BRDF effect as distributions of SZA and VZA, shown in Fig. 12 (c) and (d), are similar. Therefore, the observed variability should be due to a limited accuracy of atmospheric correction and the natural variability of surface reflectances for different species. The optimized algorithm addresses the last problem: broadleaf forests class was divided into deciduous and evergreen subclasses and subclass-specific LUTs were generated (cf. Section V). Note that geolocation errors coupled with adjacency effects (not studied here) also degrade precision of the MODIS data. Further increase of the accuracy of LAI retrievals requires extension of the set of remote sensing observations: 1) by increasing compositing length, and/or 2) by implementing multisensor retrievals (the combined MODIS Terra and Aqua product). We analyze the first option in the next section. Analysis of the combined product can be found in a separate publication [32] .
B. Analysis of LAI Compositing
The compositing scheme of the MODIS LAI algorithm selects the LAI value during eight-day composing period based on the best quality retrievals followed by maximum LAI. Compare the daily retrievals [ Fig. 11(b) ] and the corresponding composite [ Fig. 8(a) ]. Compositing provides cloud screening and accumulates MODIS observations, which fit to the LUTs of the main algorithm and reduce uncertainties inherited from the upstream products. In the analysis, we used daily and corresponding compositing data for Julian days 193-208 (July 12-27) in year 2001, deciduous broadleaf forests pixels in tile h12v04 (Fig. 13) . Consider Fig. 13(a) , which demonstrates rapid increase of the quality of the LAI retrievals from 5% for a single day up to 58% for eight days and up to 94% for 16 days. The rate of increase in the quality of retrievals depends on the season and the geolocation: retrievals over regions with constant cloud cover or snow covered areas will be improved from extension of the compositing period. Next, consider the variability of daily LAI data during an eight-day compositing period for the main and backup algorithms. For analysis, we select the minimum LAI value generated by the same execution branch, which was used to generate maximum compositing value. The histograms of the minimum and the maximum LAI are shown in Fig. 13(b) . The retrievals by the main algorithm show low variability between the maximum and the minimum values. However, variations in LAI retrievals by the backup algorithm are large (0.2-5.5), which indicates the low reliability of the backup retrievals due to cloud contamination and the general uncertainties of surface reflectances. On average, the compositing scheme for main algorithm selects between 1.1 days out of eight composing days to generate a composite LAI, while the compositing scheme for the backup algorithm selects between 7.9 days. Overall, extension of compositing period helps to increase retrieval rate of the main algorithm and reduce noise in the product, given that: 1) MODIS and simulated surface reflectances are consistent, and 2) phenological changes during compositing period are not significant.
C. Analysis of Seasonality in LAI and Surface Reflectances
What changes in MODIS surface reflectances result in the observed seasonality in LAI retrievals over deciduous broadleaf (Figs. 14 and 15 ). Note the changes in LAI and corresponding changes in the location of predominant data density of surface reflectances from the location near the soil line toward the limiting point (the saturation domain) during the transition from spring to summer and back-ward from summer to fall. Note also the wide range of variation of surface reflectance along the soil line during winter time due to the dominance of bare background (dark surface reflectances), clouds and snow (bright reflectances). Even the eight-day compositing was not able to remove snow and clouds effects due to the persistence of such conditions. Additional details on seasonality in surface reflectances and LAI retrievals can be found in Table II .
VIII. CONCLUSION
The analysis of the Collection 4 MODIS LAI product for broadleaf forests indicates that the Collection 4 LUTs of the algorithm are limited to simulate variability of MODIS surface reflectance data, which results in the failure of the main algorithm during growing season and disagreement with field measurements. LAI retrievals over dense vegetation (broadleaf forests during the growing season) are mostly performed over a compact location in the spectral space of saturated surface reflectances, which need to be accurately modeled to be consistent with remote sensing observations. The saturated surface reflectances are mostly sensitive to leaf albedo and view/illumination geometries. The new LUTs were generated with the stochastic RT model, parameters of which were selected to model majority of MODIS data during seasonal cycle and to provide higher accuracy simulations at high LAI values and extreme view/illumination conditions. Separate LUTs were developed for deciduous and evergreen broadleaf forests. Daily variations of surface reflectances over global broadleaf forests, caused by a limited accuracy of atmospheric correction and natural variability of surface reflectances for different species and land cover mixtures, set a limit for retrieval improvements. Further increase in the accuracy of the MODIS LAI product requires extension of the set of the input remote sensing observations. This can be achieved by extending the compositing period or alternatively by utilizing data from several sensors (the combined MODIS Terra and Aqua LAI product).
